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ABSTRACT 
This paper offers an extended abstract of a PhD project that 
focuses on supporting learners in finding most suitable learning 
activities in informal learning environments. For this purpose we 
aim to develop a personal recommender system, which will 
recommend most suitable learning activities to learners regarding 
their personal needs and preferences.  
As a theoretical framework for informal learning environments 
we use the concept of Learning Networks [1]. Learning Networks 
can be filled with lots of learning activities stemming from 
different providers. Such networks are dynamic, because each 
member could add or delete content at any time. A personal 
recommender system is needed to support learners in selecting 
learning activities from a Learning Network that will enable them 
to achieve their learning goals in a specific domain.  
It is expected that such support will minimize the amount of time 
learners need for finding suitable learning activities. A better 
alignment of the characteristics of learners and learning activities 
is expected to increase both effectiveness and efficiency of 
learning progress of the learners.  
Categories and Subject Descriptors 
H.3.3 [Information Search and Retrieval]: Information 
filtering, H.3.5 [Online Information Services]: Web-based 
services, J.4 [Social and Behavioral Sciences] Sociology, K.3 
[Computer and Education] General 
General Terms 
Measurement, Design, Experimentation, Human Factors 
Keywords 
Technology Enhanced Learning, Informal Learning, Learning 
Networks, Recommender Systems, Ontology, Collaborative 
Filtering 
1. INTRODUCTION 
Learning can roughly be distinguished into formal and informal 
learning [2]. Formal learning includes learning offers from 
universities or schools. It is highly structured, leads to a specific 
accreditation and has domain experts that guarantee quality. 
Informal learning happens to everybody from daily life activities 
related to work, family or leisure, it is less structured (in terms of 
learning objectives, learning time or learning support), and it does 
not lead to a certain accreditation. The importance of informal 
learning is considered to achieve the knowledge society through 
lifelong learning [3], but the focus of learning remained on formal 
provision, qualifications and accountability [4]. This may change 
because the lifelong learners get support through the increasing 
amount of Web 2.0 services as content providers and by the 
Learning Networks project1 as technology provider [1]. Learning 
Networks addresses informal learning issues and provides an 
infrastructure for distributed learners and stakeholders in certain 
domains.  
The design of a Learning Network is learner-centered and its 
development evolves bottom up through the participation of the 
lifelong learners. The Learning Network approach focuses on the 
support of the neglected informal learning part that is becoming 
more important through the Web 2.0 development nowadays. It is 
in contrast to other learning environments, which are designed 
only top down, because their structure, learning resources, and 
learning plans are predefined by an educational institution or 
domain professionals (e.g., teachers). In Learning Networks, the 
lifelong learners are able to publish their own learning activities, 
or share, rate, and adjust learning activities from other learners. 
The learners are able to act in different roles (teachers, learners, 
or knowledge providers) in different Learning Networks in 
parallel. Therefore, the concept of Learning Networks has several 
things in common with the Web 2.0 development.  
Web 2.0 also enables the users to add, share, rate, or adjust 
information. Popular services like wikipedia.org, flickr.com, or 
youtube.com benefit from that development and are proof of the 
change in interaction with the World Wide Web (WWW). The 
Web 2.0 technologies lifted the barrier of adding information to 
the WWW and enable much more users to contribute information 
to it. As a result, the amount of information available on the 
WWW increases dramatically. This has also an effect on Learning 
Networks, because most of the informal learning activities are 
based on contributions of learners and stored in the above 
mentioned Web 2.0 services. The learners may find it hard to get 
an overview of available learning activities and to identify the 
most appropriate learning activities. 
Therefore, learners have a navigation problem in finding and 
selecting suitable information, like appropriate products to 
customers in e-commerce systems. The need to support users with 
the selection of information is becoming more important.  
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Personal recommender systems [5] are becoming increasingly 
popular for suggesting tailored information to individual users. 
The main purpose of recommender systems on the WWW is to 
filter information a user might be interested in. For instance, the 
company Amazon.com [6] is using a recommender system to 
direct the attention of their users to other products in their 
collection. Existing ‘navigation services’ help to design and 
develop specific solutions for learners in informal Learning 
Networks. Though we have to consider the differences in the 
recommendation task of recommender systems for e-commerce 
and for informal learning. In the context of learning we have to 
consider that a learner has learning goals and wants to achieve a 
specific competence level in a certain time, whereas a customer 
using an e-commerce system wants to buy a product on a specific 
quality level in a specific price range [7]. 
This PhD project will treat the recommendation problem by 
addressing following question: How can we recommend suitable 
learning activities – regarding to the profile and history of 
learners – to reach the learning goals in a more efficient and 
effective manner?  
2. CONTEXT OF WORK 
One of the first recommender systems for Technology Enhanced 
Learning (TEL) was the Altered Vista system [8]. They used a 
collaborative filtering technique to explore how feedback 
provided by learners on learning resources can be stored and 
given back to a community. Similar research projects in the area 
of recommending learning resources to learners based on different 
kind of collaborative filtering techniques are the RACOFI system 
[9], the I-Help system [10], the QSIA system [11], and the 
CELEBRATE system [12]. A detailed overview about 
recommender systems in TEL can be found in [13]. 
Personalization through recommender systems is still an 
important issue in the TEL field. Many conference like the EC-
TEL 20082 and workshops like SIRTEL 20083 are a proof of that.  
Most of the recommender systems are applied in closed learning 
environments which represent the majority of current web-based 
learning environments. They are closed learning environments 
[14], because  the learning content is described by an educational 
designer through semantic relationships. Many of these systems 
take advantage of Adaptive Hypermedia [15] technologies like 
metadata and ontologies to define the relationships, conditions, 
and dependencies of learning objects and learner models. 
Universities already hold well structured formal relationships like 
predefined learning plans (curriculum) with locations, known 
teachers and accreditation procedures. All this metadata can be 
used to recommend courses or personalize learning through the 
adaptation of the learning material or the learning environment to 
the students [16]. 
Learning Networks are more open in the sense that the learning 
activities and learning materials are added to the system during 
the lifetime of the community through mainly RSS or ATOM 
feeds. The absence of maintenance and predefined structure in 
informal learning is also called the ‘open corpus problem’ [14]. 
The open corpus problem applies when an unlimited set of 
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documents is given that cannot be manually structured and 
indexed with domain concepts and metadata from a community. 
The open corpus problem also applies to informal Learning 
Networks. Therefore, bottom up recommendation techniques like 
collaborative filtering are more appropriate because they require 
nearly no maintenance and improve through the emergent 
behavior of the community. In order to address the informal part 
of learning we have to consider different environmental 
conditions, the lack of maintenance and less formal structured 
learning activities. Learning activities in Learning Networks are 
mainly structured through tags and implicit or explicit ratings 
given by the learners. 
In the world of consumer recommender systems, there are several 
data sets with specific characteristics (the MovieLens data set, the 
Book-Crossing data sets, or the EachMovie data set) available. 
These data sets are used as a common standard or benchmark to 
evaluate new kinds of recommendation algorithms [17-19]. In 
TEL there are neither standardized data sets nor standardized 
evaluation procedures available to evaluate recommender systems 
for learning. A recommender system for informal learning that 
takes into account specific learning demands also has to be 
evaluated by learning evaluation criteria. From an educational 
point of view, learners only benefit from learning technology 
when it makes learning more effective, efficient, or more 
attractive. Therefore, we suggest to mix recommender system 
evaluation criteria like accuracy, coverage and performance with 
educational research measures in order to evaluate their effects on 
Learning Networks. 
For the above mentioned reasons, we have set up the following 
research proposal to address recommender systems in informal 
Learning Networks. 
3. WORK DONE SO FAR 
We set up a roadmap in order to run three studies with different 
foci. In these consecutive steps, three recommender systems are 
planned to study suitable recommendation techniques to finally 
meet the needs for a recommender system for informal Learning 
Networks (Figure 1). Study 1 (already carried out) was an 
experimental pilot in the domain of Psychology, study 2 will be a 
simulation with a multi-agent programmable modeling 
environment, and study 3 will be an experimental pilot in the 
domain of Open Educational Resources. 
3.1 LITERATURE REVIEW 
Before we started the experimental testing phase we did a 
literature research in order to discover related work and to define 
the recommendation task for a recommender system in informal 
Learning Networks. Further, we analyzed appropriate 
recommendation algorithm for informal Learning Networks that 
might serve the recommendation task [13].  
3.2 PSYCHOLOGY PILOT 
After defining the recommend task and analyzing some suitable 
algorithms we started the data gathering process within a first 
experiment. In this first study we applied a recommender system 
that was based on stereotype filtering algorithm and a domain 
ontology in an experimental Moodle environment [20]. For the 
stereotype filtering part we took into account successful 
completed learning activities by other learners as implicit ratings. 
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Using an ontology was a top down approach, for future research 
we prefer to use bottom up techniques whenever possible because 
of the lack of maintenance in Learning Networks. The ontology 
was mainly used to cover the ‘cold-start’ problem of the 
recommender system. Therefore, we took advantage of the 
explicit association of the domain ontology in order to 
recommend learning activities when no collaborative filtering 
data was available. The recommendation was based on 
quantitative information about successful completions of activities 
by learners with similar preferences [21].  
4. CURRENT CHALLENGES  
4.1 SIMULATION STUDY 
In the second study, we want to apply different kind of 
collaborative filtering techniques in order to evaluate their effects 
for Learning Networks with differently dense data sets and 
different amounts of learners. In general, Learning Networks are 
hugely compared to other educational portals, but they are small 
compared to the data sets that are used in classical recommender 
system research. For instance, most of the e-commerce data sets 
are quite densely filled with metadata and behavioral information 
of consumers. They easily exceed thousands of products and 
consumers with information about millions of transactions 
(ratings or user behavior). For the simulation study we want to 
apply implicit ratings drawn from the behavior of the learners 
from the first experiment and enrich them with additional 
educational Web 2.0 data. Therefore, we decided to use a multi-
agent programmable modeling environment called Netlogo. 
Netlogo establishes the possibility to set up a simulation for 
Learning Networks that can support defining requirements before 
starting the costly process of development, implementation, 
testing and revision of recommender systems for that field. In this 
study we want to focus on recommendation techniques that 
require nearly no maintenance from domain experts like 
collaborative filtering techniques. 
4.2 ADVANCED STUDY 
The practical character of the first study, embedded in a formal 
course with real students who wanted to be accredited, excluded 
some of the navigational and motivational problems faced by 
informal learners. For the future research of Learning Networks 
we envision more informal learning activities without a formal 
assessment, therefore we are planning to have an additional 
experimental study where Open Educational Resources (OER) 
and their community are used. An experimental pilot with OER is 
more similar to Learning Networks, thus such a network could 
exist out of different mixed OER, formal learning offers, or 
separated learner contributions in once. In this pilot we intend to 
combine the most successful recommendation techniques from the 
previous research. Further, we want to evaluate user-based 
tagging and explicit rating mechanism as additional data source 
for a recommender system in informal Learning Networks. 
5. CONTRIBUTIONS TO THE FIELD 
It is quite early to speculate on the contribution of this PhD work. 
However, we wish to outline some potential that this work might 
offer.  
In the first place, we contribute towards a definition for the 
recommendation task for a recommender system in informal 
learning. Further, we also want to identify required domain 
knowledge that is required for recommending learning activities 
to learners. Secondly, we are planning to offer a kind of data set 
for recommender systems in informal learning after the end of our 
empirical studies. Such a data set might contribute towards 
standardization for the evaluation of recommenders in learning. 
Finally, we are interested how pedagogy rules like ‘go from 
simple to complex’ can be integrated into recommender system. 
Based on our early experience, we believe that recommendations 
for learners require deeper reasoning than other domains. Simple 
semantics like “People who liked X also liked Y” might be 
misleading for some TEL recommender systems. For 
recommender systems in TEL we might have semantics like 
“People who studied X, Y, and Z on competence level 3 and prior 
knowledge level 2 seem to have the same learning goal, thus we 
recommend studying W”.  
This work mainly attempts to make a contribution to the TEL 
field through discovering and recommending suitable learning 
activities with recommender system techniques to learners.  But 
maybe the deeper reasoning approach also has an effect on 
recommender systems in other domains.        
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Figures 
 
Figure 1: Roadmap for the development of a personal recommender system for Learning Networks 
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Figure 2: The Moodle learning environment with the implemented recommender system. Based on the enrolled courses and the 
interest of the learner in ‘cognition’, the recommender system suggests a learning activity about ‘Thinking’ as the next most 
suitable one. 
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